Introduction
Analysis of seismic attributes has been an integral part of reservoir studies since the introduction of bright spots amplitude as a hydrocarbon indicator in the 1970s. Two decades later, the development of 3D seismic technology led to a proliferation in both the quantity and variety of seismic attributes. From the earliest dip and azimuth attributes (Dalley et al., 1989) along with amplitude extraction (Rijks and Jauffred, 1991) to the introduction of new computational procedures, such as coherence (Bahorich and Farmer, 1995) , spectral decomposition (Partyka et al., 1999) , curvature (Al-Dossary and Marfurt, 2006) , or seismic texture (Randen et al., 2000) among others. Seismic attributes provide distinct and often complementary information regarding the depositional environment, underlying geologic features, or reservoir properties.
The proliferation of seismic attributes enabled the application of numerous data integration techniques. The purpose is to combine one or several seismic attributes with a training data set (e.g., bed thickness, log-derived measures, or reservoir properties, etc.) defined at a well location. The output is a property map (or volume) encoded with values of the targeted property away from well control. Examples are the mapping of the sand body using geostatistics (Russell et al., 2001) , the coal thickness estimation using multi-variate analysis (Marroquín and Hart, 2004) , and the prediction of sandstone distribution using neural networks (Hou et al., 2008) . More recent studies include the investigation of ensemble methods and variogram information to delineate the distribution of facies using a synthetic channelized
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reservoir (Abadpour et al., 2014) and the characterization of fluvial sandstones using a geostatistical inversion approach (Vernengo et al., 2014) .
Automated seismic facies is proposed as an alternative to data integration techniques. In contrast to the above mentioned approaches, automated seismic facies is based on an unsupervised learning process that does not require a training data set to organize input seismic attributes into meaningful groups of seismic facies. Another difference is how geologic information is captured in the form of seismic facies groups. A seismic facies is a grouping of attribute responses with similar characteristics, which differ from those responses in other facies groups. There are inherent challenges regarding the selection of the seismic facies scheme that best uncovers and identifies important geologic features or reservoir properties. To overcome these issues, a visual-based framework (Marroquín, 2014) was incorporated into the data integration process. To demonstrate the benefit of this combined approach for conducting data integration analysis, a set of post-stack 3D seismic attributes were computed from the mapped top of the Ellenburger carbonates in the Fort Worth Basin, Texas. The seismic facies results were judged based on their ability to combine heterogeneous data sources and provide a coherent response to the structural deformation in the top of this carbonate unit and the presence of collapse features, cockpit karst terrain, and faults.
first break volume 33, May 2015 is considered to be one of the largest plays in North America (Montgomery et al., 2005) . In the area of the 3D seismic coverage (Figure 1b) , the Barnett Shale sediments unconformably overlie the top of the Ellenburger carbonates. The Ellenburger carbonates were deposited on a shallow water ramp during the mid-Cambrian through Lower Ordovician (Burgess, 1976) . The unit is composed of a structurally and diagenetically complex platform of carbonates overlying Precambrian basement rocks. The carbonate rocks were subjected to significant episodes of diagenesis (1) dolomitization, (2) karsting, and (3) tectonic fracturing (Kupecz and Land, 1991) . Early dolomitization is associated with pathways of seawater to basinal fluids (Kupecz and Land, 1991) . In a subsequent diagenetic episode, the carbonate rocks were most likely to be eroded by a combination of meteoric, carbon dioxide saturated water, and acid ground water developing a system of caves (containing passages, chambers, and shafts) and sinkholes. The process was followed by sub-aerial exposure of the carbonates unit, producing an irregular karsted upper surface. The effects of erosion and dissolution potentially contributed to the formation of dolines and cockpit landforms (i.e., terrain characterized by rounded towers surrounded by deep depressions). Later in the diagenetic episode, the system of caves ceilings and walls compacted and collapsed under the weight of the overlying strata. Folded rocks, sags, and faults formed around the karst caves (Loucks et al., 2004) . Other potential agents of diagenesis were tectonic movement and hydrothermal fluids associated with deep basin faults (Gale and Gomez, 2007) . Rejuvenated faults extend from the Precambrian basement, and at times extend up into the overlying Barnett Shale or even younger strata, imprinting the entire section with prominent northeast-southwest trending structures. Collapse caves found in the vicinity of major faults are also expected (Loucks, 1999) . All these diagenetic episodes have contributed to the highly irregular topography of the Ellenburger carbonates. A block diagram summarizing karst related and tectonic features is shown in Figure 2 .
Seismic attributes -evidence of karst and structural features
The 3D seismic survey grid covers an area of 375 km 2 (145 mi 2 ) with an inline and cross-line spacing of 16.8x16.8 m (55x55 ft). The migrated seismic amplitude volume is a conventional P-wave data set. Figure 3a shows a seismic profile, in which the top of the Ellenburger carbonates was interpreted as a trough seismic reflector. Also in Figure 3a , collapse features are evident by sags of the seismic events. Each disturbance in the seismic reflection extends upward from structures in the carbonate unit into the overlying strata. The fault pattern shown in the seismic section (Figure 3a) is associated with rejuvenated tectonic movement in the basement.
The illumination map of the interpreted top of Ellenburger Group shows a complex system of geologic structures (Figure 3b) (Montgomery et al., 2005) (Figure 1a ). The basin formed during the late Paleozoic Ouachita orogeny, a major event of thrust-fold deformation caused by the convergence of the North and South American tectonic plates (Walper, 1982) . A more detailed description of the basin evolution is included in Montgomery et al. (2005) and Pollastro et al. (2007) .
A generalized stratigraphic column of the Fort Worth Basin is shown in Figure 1b . The rocks deposited in the basin were controlled by three main intervals: (1) a passive continental margin (Ellenburger, Viola, Simpson), (2) the early phases of subsidence related to the Oklahoma Aulacogen (Barnett Shale, Lower Marble Falls), and (3) the subsidence and basin infilling related to the Ouachita structural front (Upper Marble Falls to Cisco) (Montgomery et al., 2005; Pollastro et al. 2007 ).
The Fort Worth Basin has generated much interest recently due to production from the Mississippian-age Barnett Shale. The shale unit is an unconventional natural gas reservoir and Jarvie et al., 2007 Bruner and Smosna, 2011) . The location of the North-South stratigraphic section is shown in Figure 1a. first break volume 33, May 2015 changes in the seismic trace shape caused by the deformation of the host strata and the presence of geologic structures. In the attribute display, semi-circular anomalies of high values of peak-peak difference indicate collapse features. Additionally, major faults are inferred from discontinuous northeastsouthwest lineaments of high values of peak-peak difference, of collapse features are aligned to major linear northwestsoutheast trends, suggesting these structural depressions were controlled by basement faults. Away from these depressions, collapse features range from isolated, small features to large connected structures. The fault pattern indicated in Figure 3a is recognized as a part of a major north-south fault trend in the illumination map ( Figure 3b ). Other regional trending tectonic faults are also observed in the map view. Magnetic surveys over the Fort Worth Basin support basement origin of these fault trends (Baruch et al., 2009) . A swarm of minor faults, possibly related to collapsing cave systems, is concentrated in the southern part of the survey area ( Figure 3b ). Elsewhere in the survey area, the carbonate strata are expected to have various degrees of deformation as indicated by the highly variable relief of the Ellenburger seismic event (Figure 3b ).
There exists several attributes that can be computed from the original seismic amplitude volume. The technical challenge is to select those attributes that exhibit different characteristics and provide new information regarding the geologic features that have shaped the top of the carbonates unit. In addition to the seismic amplitude volume, the following attributes were computed (1) signal envelope, (2) dip, and (3) major principal curvature. The mapped top Ellenburger carbonates reflection was then used to extract horizon-based attributes using these four volumes. The seismic amplitude volume is contaminated by a regular acquisition footprint (Figure 3b ). However, it is not a serious drawback to the interpretation of geologic features. The map view of the peak-peak difference, signal envelope, and dip attributes ( Figure 4 to Figure 6 ) does not show any undesirable acquisition footprint patterns. The curvature attribute is more sensible to seismic data quality and thus, the map view ( Figure 7) shows the presence of artifacts that could blur the interpretation of geologic features.
From the seismic amplitude volume, the peak-peak difference ( Figure 4 ) was computed. The attribute measures the distance between the peak reflectors directly above and below the Ellenburger top. It provides an indirect indication of lateral Figure 3a . The inset in the upper right shows the simulated light source used to illuminate this map.
Figure 3 Seismic views of the top of Ellenburger carbonate: a) Interpreted seismic section A-A' showing the seismic reflectors associated with collapse features (green-yellow arrows) and tectonic fault (cyan arrows); b) Illumination map showing topographic features associated with major faults (cyan arrows), collapse features (green-yellow arrows), and minor faults (off-white arrows). The interpreted seismic section A-A' is shown in
first break volume 33, May 2015 additional information on the roughness and deformation of the surrounding strata.
The major principal curvature attribute ( Figure 7 ) corresponds to the axis of maximum flexure of seismic reflections in a particular point within an analysis window. Positive curvature indicates a dome shape, whereas a bowl shape is outlined by negative curvature. In this attribute display, collapse features are imaged as semi-circular anomalies with high negative curvatures values, and their rims are illuminated as strong positive curvature values. Disconnected, linear segments whereas minor faults are not clearly apparent in the attribute image. On the other hand, the surrounding strata with varied ranges of structural relief are depicted by areas with low to intermediate values of peak-peak difference.
The signal envelope attribute ( Figure 5 ) measures the energy of the seismic signal, which can be useful to highlight discontinuities or changes in lithology. In this attribute, low signal envelope values have a strong correlation with northeast-southwest major faults and semi-circular collapse features. The concentration of minor faults is also manifested by short segments of low-signal envelope values. Additionally, the irregular topography of the surrounding host strata scatters the seismic energy, suggesting an abrupt change in lithology. The loss in the amplitude strength is probably related to the difference between less deformed strata (low attribute response) in the central-northern part compared to more or complex disrupted strata (intermediate to high attribute response) in the southern part of the survey. The resulting amplitude landscape is not well defined in the other attribute images (Figures 3, 5 and 6 ).
The dip attribute ( Figure 6 ) computes the magnitude of the maximum slope of the seismic reflections at a reference trace within an analysis window. The attribute emphasizes the structural relief of patterns in the seismic data. The attribute display shows that collapse features are indicated as semi-circular depressions, with intermediate to high dip magnitude response at the core and rim of these karst caves. While major faults are revealed as northeast-southwest discontinuous lineaments of strong dip magnitude values, the swarm of minor faults is indicated by short linking segments of strong dip magnitude values. Compared with displays of peak-peak difference (Figure 4 ) and signal envelope ( Figure 5 ) attributes, the dip attribute does not convey any 
Figure 5 Signal envelope attribute extraction along the Ellenburger carbonates top. Interpreted structural elements are major faults (cyan arrows), collapse features (green-yellow arrows), and minor faults (off-white arrows). Note that the surrounding rocks are divided into less deformed strata central-northern part of the survey from more disturbed strata southern part of the survey.

Figure 6 Dip attribute extraction along the Ellenburger carbonates top. Interpreted structural elements are major faults (cyan arrows), collapse features (green-yellow arrows), and minor faults (off-white arrows).
first break volume 33, May 2015 attributes did not resolve the cockpit karst features. If the karst landforms are indicated by subtle bends in the lateral continuity of seismic reflectors, the measures of curvature (Figure 7 ) are more sensitive to these discontinuities and therefore, it better images the cockpit landforms. The sketch in Figure 8 summarizes how the seismic attributes characterize the structural deformation of the host strata and the distribution of collapse features, karsted landforms, and faults.
To ensure that the selected seismic attributes are not redundant and do not produce incorrect data integration results, a non-parametric statistic test was conducted. The D statistic (Hoeffding, 1984) was used to measure the independence of the seismic attributes. The test does not make assumptions concerning the population distribution. Instead, the D statistic depends on the rank order of the observations. The larger the value of D statistic, the more dependent are two variables. The results of D statistic (Table 1) confirm that the seismic attributes are independent and therefore, are uncorrelated.
of high positive curvature values suggest the presence of major and minor faults. Unlike the other attributes (Figures 4-6) , the curvature attribute delineates a network of cockpit towers (Figure 2 ) distributed throughout the entire survey area. LyewAyee et al. (2007) described the conical hills of cockpit karsts as circular contour lines on a map view. In a similar manner, the major principal curvature attribute illuminates the karst peaks as irregular contours of intermediate curvature values, and the locations of closed-depressions around these peaks as negative curvature anomalies. Map generation or acquisition artifacts could conceivably influence the orientation of structures observed in the attribute display. However, Sullivan et al. (2006) and Sullivan et al. (2007) conducted 3D seismic attribute studies in the Fort Worth Basin and suggested that polygonal curvature patterns describe cockpit karsts.
The peak-peak difference (Figure 4 ) and dip ( Figure 6 ) attributes are measures of the reflector shape. However, these new seismic facies (K NEW ) to determine the optimal number of seismic facies (K OPT ). In the third step, the interpreter tests different clustering techniques using K OPT . The output is thought to provide the best data integration solution. Carrillat et al. (2002) and Riedel et al. (2013) proposed a visual assessment of seismic facies groups regarding their significance with respect to the apparent geologic setting. The proposed visual-based framework also relies on the same concept. In here, the process of learning from data visualization is based on the coordinated examination of two graphic display components: (1) facies map and (2) two-dimensional cross-plot viewer. The facies map shows the input samples colour-coded based on the colour of the seismic facies group with which the samples have maximum correlation. The cross-plot viewer highlights the relationships and distribution of the seismic facies groups. One must realize that distortions may occur when groups of seismic facies -which could be far apart in their original multi-dimensional space (Figure 10a ) -are projected onto the lower spatial dimension of the cross-plot display. Seismic facies groups may appear to fall on top of or close to each other ( Figure 10b ).
Peak-peak difference
The following guidelines for the inspection of the crossplot viewer are proposed:
n A seismic facies scheme that best fits the input data set has the seismic facies evenly distributed (Figure 11a ). The produced groups balance the compactness of the facies groups with respect to the separability of these groups.
n If there are too few seismic facies, different sample inputs can be incorrectly merged into a single group (Figure 11b) . As a result, seismic facies groups are less compact due to inappropriate mixing of individual sample inputs.
n If there are too many seismic facies, homogenous clusters can be improperly split (Figure 11c ) into several groups. The result is that seismic facies groups are too close causing little distinction between adjacent groups.
Seismic facies to characterize geologic structures in the Ellenburger Group
The integration of diverse information encoded in the seismic attributes, that are affected by the same phenomenon (e.g., geologic features or reservoir properties), can provide more geological knowledge than the analysis of the individual attributes. Such combination mutually reinforces information reflecting common behaviours, while uncorrelated geologic expressions are cancelled out. Unlike other data integration approaches, automated seismic facies organizes attribute patterns into seismic facies. There are major issues which effect the validity and quality of the seismic facies result. The first issue is the choice of the optimal number of seismic facies (K). The appropriate choice of this number balances the accuracy of sample points assigned to their own groups versus the number of groups to be detected. The second issue is the selection of the appropriate clustering technique for partitioning the input data set. One should compare the results from several techniques since each of them imposes its clustering structure on the input data (e.g., even groups size versus groups with different shape, or groups with connectivity constraints versus disjoint groups). Another factor to consider is the performance of the clustering technique given the input data characteristics. A clustering technique may be well-suited for one data set, but it may produce improper results with other data sets.
To overcome the aforementioned challenges and avoid a subjective decision-making when interpreting seismic facies results, a visual-based framework (Marroquín, 2014) was incorporated into the data integration process. The proposed framework consists of three well-defined tasks (Figure 9 ). In the first step, the interpreter selects a clustering technique and runs the analysis with three numbers of seismic facies ranging from few (K LOW ) to large (K HIGH ) through an intermediate case (K MIDDLE ). One facies result is tested in the next step. During the second step, the interpreter runs a A brief description of the three clustering techniques tested follows (Marroquín, 2014) . The first is the hybrid technique which results in tight groups of seismic facies with sudden pattern changes. The second is the hierarchical technique which recursively partitions the input data, producing groups with abrupt seismic facies patterns. The third is the self-organizing maps technique which produces a smooth gradational variation of the seismic facies patterns.
A cross-plot of signal envelope ( Figure 5 ) and major principal curvature (Figure 7 ) attributes was used to interpret the seismic facies results. However, the cross-plot was degraded by the over-sized clouds of the seismic facies. To reduce this interference, while not losing relevant information content, a correlation threshold of 95% was used to retain only those input samples near the centre of the facies groups. Additionally, the facies maps were overlaid on top of the illumination map (Figure 3b ) to produce a display that illustrates the relationship of the seismic facies information to the underlying structural features and surrounding rocks.
The remainder of this section describes the application of the visual-based framework (Figure 9 ) for the examination of the seismic facies results:
First step
The analysis began with the hybrid technique. Three seismic facies were run with K LOW = 5 (Figures 12a -b) , K MIDDLE = 10 (Figures 13a -b) , and K HIGH = 15 (Figures 14a -b ). In the cross-plot for K LOW (Figure 12a ), the seismic facies are well separated. Collapse features are indicated by facies 2 (orange). While major and minor faults are shown by discontinuous segments of facies 5 (violet). Rims around collapse features are also part of facies 5 (violet), while disrupted strata around minor faults are denoted by facies 1 (brown). Additionally, the host strata are defined by two distinct groups of seismic facies: (1) less deformed rocks in the centre-northern part (facies 3 [green]), and (2) more disturbed rocks in the southern part (facies 4 [blue]). Note that this division is in agreement with the seismic energy dispersion imaged by the signal envelope attribute ( Figure 5 ). The facies map produced by K LOW (Figure 12b ) distinguishes the first break volume 33, May 2015 facies 1 (brown) and facies 2 (red) to folded strata around minor faults. Examination of the facies map (Figure 15b) found additional non-unique assignments of the seismic facies groups. Collapse features are largely denoted by facies 5 (turquoise) with a lesser presence of facies 2 (red) and 7 (violet). Small patches of facies 7 (violet) are also present around minor faults. Facies 6 (blue) captures faults as short segments and rims around collapse features. Additionally, the surrounding rocks are split into less deformed strata (facies 4 [green]) and more disturbed strata (facies 3 [yellow] and facies 7 [violet] ). The output produced by K NEW confirms that high K values result in non-unique seismic facies assignments. Based on these observations, the K OPT was set to five seismic facies.
Third step
The seismic facies selected in the previous step is compared to the results from the hierarchical (Figures 16a -b) and the self-organizing maps (Figures 17a -b) techniques. The cross-plot display for the hierarchical technique (Figure 16a) The increased number of facies in K HIGH (Figures 14a -b) led to a more non-distinct structure of the seismic facies. As a consequence, the amount of overlap of the seismic facies is even more pronounced in comparison to the cross-plot displays in Figure 12a and Figure 13a . Although two groups of seismic facies (facies 9 [green-blue] and 15 [violet] ) are situated outside the major cloud of groups, they still plot on top of each other (Figure 14a ). In the map display (Figure 14b ), the distribution of the seismic facies makes it difficult to determine which groups can be assigned to specific geologic structures in the survey area. Analysis of the output confirms that there are too many seismic facies groups.
Second step
To refine the assessment of the choice for K OPT , K LOW is compared with another seismic facies grouping (K NEW ) using 7 facies (Figures 15a -b) .
The cross-plot for K NEW (Figure 15a ) exhibits a facies distribution comparable to the one observed using K LOW (Figure 12a ). The only major difference is the assignment of (Figure 17b) shows an overall facies landscape comparable to the one observed for the hybrid technique (Figure 12b) .
A detailed comparison of the seismic facies created by the self-organizing maps (Figures 17a -b ) and the hybrid (Figure 12a -b) techniques showed that there are differences in terms of the seismic facies groups assignments. Table 2 summarizes these differences.
Unlike the illumination map ( Figure 3b ) and previous results (Figure 12 to Figure 16 ), the self-organizing maps technique generated seismic facies groups that defined the structural features and the surrounding strata in a geologically meaningful way. First, the development of collapse features produced distinct rims and minor faults, suggesting that rocks around these derived features were both subjected to the same disturbed bedding (facies 4 [light blue]). Second, the sags along the top Ellenburger seismic reflector (Figure 3a (Figure 16b ) poorly characterizes the structural features. Another drawback is the suggestion that the host rock is uniform and less deformed (facies 1 [brown]) throughout the entire survey area. Overall, the hierarchical technique produced a seismic facies scheme lacking relevant geologic details.
The self-organizing maps technique shows a smooth grouping transition in the cross-plot space (Figure 17a) Note that the cockpit karst landforms were not identified in all seismic facies tests. Srebro et al. (2005) investigated the density of data points necessary to recover the grouping structure underlying an input data set. The authors concluded that the conditions to succeed are: (1) groups have structural features have similar seismic attribute responses, their organization into a single group (facies 5 [violet]) indicates a high degree of natural association among the attribute patterns. A third important element is the emergence of a lithologic zone separating less disturbed from more deformed host strata (facies 2 [orange]). A gradational transition seems more plausible than a sharp contact between the two types of structurally deformed surrounding rocks (refer to Figure 12b) . In a similar manner, Loucks et al. (2004) in their mapped volume of collapse-paleocave systems also (Figures 12 a -b) and self-organizing maps (Figures 17 a -b) techniques.
minimum required separation, and (2) enough data samples are available per group. It is likely that the density of input samples corresponding to cockpit karsts is not high enough to allow them to be detected as a seismic facies group. Additionally, cockpit karsts would require a seismic facies group that artificially expands to include both negative and positive curvature values (see Figure 7) . Such a facies group is in contrast with a clustering of patterns that balances compactness and separability of seismic facies groups. Despite the lack of a facies group for the cockpit karsts, the best data integration solution is the self-organizing maps technique for five facies groups.
Conclusions
A new approach for seismic attribute data integration is presented in this paper. The approach is based on the premise that significant geologic information can be revealed in the form of seismic facies groups. It also incorporates an interactive visual examination of the seismic facies results to better understand their significance in a geologic context. To that end, the developed approach combines automated seismic facies with a visual-based framework offering several advantages. First, there is benefit of combining heterogeneous seismic attributes.
Since the integration drives a complete description of all available information, it enables an improved identification of geological patterns. Second, the various pieces of information are consolidated in a coherent view. The visual examination of seismic facies results emphasizes significant geologic information. Third, the close participation of interpreters facilitates the assessment of the seismic facies results. Hence, interpreters are more confident in judging the best data integration outcome. The tests confirm that the proposed approach fosters the identification of seismic facies groups related to a particular geologic setting. So then, this approach provides the means to gain more insights into reservoir physical properties or distribution of geological features of interest.
